Xinbo REN †, † †a) , Student Member, Haiyuan WU †b) , Member, Qian CHEN † † †c) , Toshiyuki IMAI †d) , Takashi KUBO † † † †e) , and Takashi AKASAKA † † † †f) , Nonmembers SUMMARY Clinical researches show that the morbidity of coronary artery disease (CAD) is gradually increasing in many countries every year, and it causes hundreds of thousands of people all over the world dying for each year. As the optical coherence tomography with high resolution and better contrast applied to the lesion tissue investigation of human vessel, many more micro-structures of the vessel could be easily and clearly visible to doctors, which help to improve the CAD treatment effect. Manual qualitative analysis and classification of vessel lesion tissue are time-consuming to doctors because a single-time intravascular optical coherence (IVOCT) data set of a patient usually contains hundreds of in-vivo vessel images. To overcome this problem, we focus on the investigation of the superficial layer of the lesion region and propose a model based on local multi-layer region for vessel lesion components (lipid, fibrous and calcified plaque) features characterization and extraction. At the pre-processing stage, we applied two novel automatic methods to remove the catheter and guidewire respectively. Based on the detected lumen boundary, the multi-layer model in the proximity lumen boundary region (PLBR) was built. In the multi-layer model, features extracted from the A-line sub-region (ALSR) of each layer was employed to characterize the type of the tissue existing in the ALSR. We used 7 human datasets containing total 490 OCT images to assess our tissue classification method. Validation was obtained by comparing the manual assessment with the automatic results derived by our method. The proposed automatic tissue classification method achieved an average accuracy of 89.53%, 93.81% and 91.78% for fibrous, calcified and lipid plaque respectively. key words: IVOCT, catheter and guide wire, vessel lesion plaque, plaque category characterization, tissue classification
Introduction
Human morbidity and mortality with coronary artery disease (CAD) are gradually increasing every year [ causes a phenomenon that lesion plaques are generated inner the human vessel wall. This symptom would decrease the vessel lumen area and lead to a reduction of the amount of the blood flowing to the heart. Lipid, fibrotic and calcified plaques as the three main plaque types of CAD, which cause a potential and specific lesion to the human vessel [2, p. 633-635] . Release of the necrotic material into the bloodstream may cause thrombus formation leading to a myocardial infarction [3] .
In recent years, a vessel imaging technology, intravascular optical coherence tomography (IVOCT), is gradually applied to the vessel tissue components analysis of the medical clinical researches. Compared with intravascular ultrasound (IVUS), IVOCT gives a better performance on the spatial resolution (10-20μm) , which is nearly 10 times of IVUS (> 100μm) [4] . OCT equipement, typically with wavelengths of approximately 1.3μm, collects image signals through the catheter and generates cross-sectional frames of the human vessel [5] - [7] . The vessel OCT image frames can help doctors to get more highly resolved vessel detail information.
A typical IVOCT image without the stent implantation composes of the human vessel wall, vessel lumen, a catheter imaging, a reflection of the guide wire and a guide wire shadow, even including the residual blood, as shown in Fig. 1 . The catheter region, the guide wire position and the blood artifacts are the first facing challenges to researchers when they investigated the tasks of lumen boundary segmentation, stent detection and vessel tissue classification, etc. For the catheter removal, several papers [8] - [11] utilized the prior information of vessel imaging, e.g. the position of the catheter cross-section or the maximum radius of the catheter rings, to straightforwardly remove the catheter area. Ughi et al. [12] , [13] converted the vessel image to a binary image and employed a constant mask to remove the catheter. Tsantis et al. [14] applied a histogram of distance to obtain the dynamic radius of the catheter. However, these methods either used the prior information gained from the OCT equipment to segment the regular catheter area or only considered the case that the catheter location far from the lumen boundary. Besides, the irregular catheter with distorted shape also exists in the IVOCT image. For the guide wire (GW) segmentation, Zhang et al. [15] and Ughi et al. [16] both utilized the compressed accumulated intensity feature Copyright c 2019 The Institute of Electronics, Information and Communication Engineers image to find out the continuous boundary of GWs. In the stent detection research, Ren et al. [17] applied an adaptive region growing algorithm to obtain the candidate areas (including stents and GW) and then identified the biggest reflection area among these candidate areas as the GW region.
OCT technology indeed improves the spatial resolution of imaging and enhances the detail presentation of the vessel comparing to IVUS. Nevertheless, the identification of the lesion plaques by the manual work is a timeconsuming and poor efficiency procedure to doctors for the reason that hundreds or thousands of IVOCT frames are captured through the OCT equipment at per treatment period time of a patient. Over the last years, several studies qualitatively analysed the characteristics of lipid, fibrotic and calcified plaques with semi-automatic or automatic methods. Jang et al. [18] manually classified the reliable lipid, fibrotic and calcified plaques through histology correlation. Macedo et al. [19] proposed an automated method of identification and quantification of fibrous tissue in IVOCT image based on spatial-frequency analysis. Wang et al. [8] present a semiautomatic method that detects the calcified plaque by using active contour model. To the fibrous cap quantification, Wang et al. [20] and Guo et al. [21] assessed the possible existing thickness of the fibrous cap in IVOCT images. Ughi et al. [13] combined texture analysis with optical attenuation coefficient to characterize the three major plaques (fibrous, calcified and lipid) for tissue classification. Athanasiou et al. [22] proposed a methodology for recognize the different tissue types rely on the medical knowledge and machine learning techniques. The aforementioned methods [8] , [19] - [21] focused on the investigation of single tissue characteristics without considering the multi-tissue classification problem. Most methods still relied on the single A-line to extract features without a statistical analysis of the correlation of adjacent A-lines in a local region, namely, the vessel tissue characteristics along radial direction were only analyzed.
In this paper, we introduce a local multi-layer statistical model to classify the tissue of the proximity lumen boundary region (PLBR) along the circumferential dimension. At the preprocessing stage, we propose two novel automatic methods for the catheter and guide wire segmentation respectively. After that, an automatic lumen boundary detection method is applied to the pre-processed IVOCT images. In the tissue classification step, the local multi-layer model is built to character the vessel tissues along the radial and circumferential dimensions. To combine the information of adjacent A-lines, an A-line sub-region (ALSR) of the local multi-layer model is defined for the features extraction. Finally, a machine learning classifier, Random Forests, is employed to the extracted features for accomplishing the task of the tissue classification.
Image Acquisition
Intravascular OCT image data were acquired by using a Fourier-Domain OCT imaging system (ILUMIEN TM OPTIS TM , Abbott, Santa Clara, California, USA) and an intravascular OCT catheter (Dragonfly TM OPTIS TM , Abbott, Santa Clara, California, USA) at Wakayama Medical University. The OCT images were stored digitally for subsequent analysis. Pullback speed was 18 mm/s, that the catheter cost 3 seconds over a distance of 54 mm. The data frame rate was 180 fps and the interval length is 0.1 mm between adjacent frames. This OCT system has an axial resolution of 12-15 μm and its spatial resolution is 9.9 × 9.9 μm. The catheter radiates light along axis driection to scan the vessel inner wall tissue with the movement of pulling back. A single vessel OCT image is formed by A-lines that contain the information of reflected light from the vessel tissues [23] . With a rotating catheter, a cross section of the vessel is obtained to present the details of the in-vivo vessel. The intensity of each scanning A-line progressively decreases with depth increasing and each type of tissues has a different light attenuation coefficient. These characteristics are described in Lambert-Beer law [24] , [25] .
IVOCT Image Pre-Processing Method

Segmentation of Catheter Area
The appearance of the catheter in an IVOCT image are several bright concentric circular rings. The catheter imaging is impacted with (1) the movement of the catheter during its pull-back period time; (2) the position of the catheter in the human vessel; (3) the residual blood artifacts. The above cases might cause the phenomenon that the size of the catheter changes in different IVOCT image datasets or circle rings of the catheter are in contact with each other or the catheter closes to the vessel lumen. These cases are illustrated in Fig. 2 . To overcome the mentioned problems, the following automatically stable detection method of catheter area is proposed. Ideally, supposing an imaging catheter composes of a set of regular continuous circular rings on which the pixel intensity distribution is uniform. Building a circumference detector to detect a region that has the shape as a circle. The circumference detector [C(r c , x c , y c )] is modeled based on a radius r and a circle center (x c , y c ). Theoretically, if a circumference detector is on one of the circular ring regions of the catheter, the intensity of all points belonging to this circle detector should be same in our ideal model and the mean absolute difference of intensity (MADI) between the two individual half circumferences of this circumference must be zero. In fact, considering the width of a circular ring along the radius direction and the case of distortion of the circular ring shape, the circumferential pixel intensities of one circular ring of a real catheter imaging are completely different. Hence, the MADI of a circumference obtained by the circumference detector from the real catheter is not zero. To solve this problem, the MADI threshold (T H MADI ) of the intensity is employed as the constraint condition of the circumference detector. Moreover, we observed that almost all catheter imagings have the appearance of a distorted geometry in Fig. 2 . To overcome this issue, we shift the center of the circumference detector within a small range to detect the approximate circle rings of the catheter.
Let C 1 and C 2 be the two individual half circumferences of the circle detector in an IVOCT image G respectively. B center with the size of N × N is defined as a local region for the dynamical movement of the detector center (x c , y c ) accomplishing the detection of the distorted catheter. The relation among the above definitions are (x c , y c ) ∈ B center ⊂ G. The MAID of the ith circle detector is calculated as:
Put the MADI i into the constraint condition for the circumferential shape judgment:
where MI i C 1 and MI i C 2 are respectively the mean intensity of two half circumferences of the ith circle detector. in B center . O represents the current circumferential region defined by our model.
Segmentation of Guide Wire
Guide wire (GW) segmentation is a challenge in a single vessel OCT image because of lacking the priori information on the position of GW and the radian range of the GW shadow region. As shown in Fig. 1 , GW presents a bright reflection characteristic due to its metallic property, immediately followed by a big black shadow region behind it.
In this section work, we propose a novel automatically algorithm using the defined circle ring model to detect GW and its shadow region. The circle ring (CR) model contains three parameters: the width of CR (width CR ), the inner radius (r inner ) and the outer radius (r outer ). Let C r inner be a circular region with the radius r inner while circle region C r outer is defined based on the radius parameter r outer , the described CR mask region is obtained by the following formula:
where r min ≤ r inner < r outer ≤ r max , r min and r max are the minimum and maximum radius defined in IVOCT image, respectively. The width of CR width CR = r outer − r inner . The first step is to use the modelled CR to mask a grayscale IVOCT image for gaining the corresponding CR region. With the r inner and r outer simultaneously increasing, a number of CRs is produced in one IVOCT image, as represented in the first row of Fig. 3 . Using these generated CRs to mask a original gray IVOCT image, the corresponding original CR regions (CR oriImg ) are obtained from the gray IVOCT image. After that, the Otsu method [26] is applied to each CR oriImg to divide its objects into two classes (like tissue and black shadow), which presented by the white color areas and black color areas in the binarized CR (CR binarized ) respectively. The middle row of Fig. 3 are the results from the CR oriImg processed with the Otsu method. The CR binarized containing the maximum number of white area is considered as the candidate CR (CR candidate ) for the sector generation in the following step. Based on the white areas of the CR candidate , the corresponding sector regions are obtained respectively, which is shown at the bottom of Fig. 3 . Subsequently, a reverse operation is employed to the binarized sectors to convert the original black areas to white areas and the original white areas to black areas. From the IVOCT image, we know that the GW shadow is usually the biggest black sector region with a highlight block (the reflection of GW) inside if the shape of the vessel lumen is regular. In fact, the vessel lumen shape might contain the bifurcation or its shape is irregular. Therefore, the following characteristics: (1) the average intensity of the sector; (2) the sector area; (3) the number of highlight block; (4) the average intensity of highlight block; (5) the maximum intensity of highlight block; and (6) the distance between the highlight block and the image center, are analysed from each sector of an IVOCT image for features extraction of the GW shadow region.
Lumen Boundary Detection
In this stage, we detect the lumen boundary by using a concept of local maximum of standard deviation [17] . The potential problem for the lumen boundary detection is that the speckle noise, residual blood artifacts and the residual GW region would impact the detection result. In order to solve this problem, a sequence of morphological operations is performed to the IVOCT image gained from Sect. 3.1 and Sect. 3.2. Firstly, an opening and a closing operation are applied to remove small human artifacts and fill holes in the lumen, which is followed by the method [27] to eliminate the residual smaller holes. Then, morphological erosion and dilation both with a 5 × 5 kernel are implemented 4 times, respectively, for the removing of luminal blood nearby the lumen boundary.
Tissue Classification with Local Multi-Layer Model
Multi-Layer Model
Besides the intensity variance analysis of the A-line profile in the previous papers, Soest et al. [24] investigated that the attenuation coefficient (μ t ) of the healthy vessel wall and fibrous plaque were 2-5mm −1 , calcified plaque μ t ≈ 6 ± 1.0mm −1 , lipid tissue μ t 10mm −1 . Several researches [23] , [28] - [30] have proved that lipid plaques associate with a high attenuation coefficient or appear in signalpoor regions, the fibrous plaque has a low attenuation coefficient or is in signal-rich regions, and the calcified plaque presents low attenuation coefficient but with sharp borders.
Observing the Table 1 , the thickness of the healthy vessel wall and the calcified plaque are in a limited range while the lipid plaque occurs in a dynamic range due to its diffuse attribute. The fibrous plaque is classed into three categories based on its thickness measurement. According to the A-line characteristic analysis of per-type of the vessel tissue and quantitative thickness measurement researches of Table 1 Appearance of tissue thickness measurement in the previous studies.
Tissue type Thickness measurement
Healthy vessel wall < 0.3mm [24] Fibrous plaque Three categories [20] :
Lipid plaque 3.9 ± 2.1mm [29] Calcified plaque < 0.7mm [8] different tissues (illustrated in Table 1 ) in the earlier literatures, the proximity luminal boundary region (PLBR) of a vessel contains large useful information about the vessel tissue (health vessel wall or lesion plaques). Additionally, note that a single A-line only contains 1-D information, e.g. intensity profile or attenuation degree. The relationship between adjacent A-lines will not be indicated and the local region con-texture information of the vessel tissue will also lose if only considering to use the single A-line method along the radius direction for the tissue classification analysis. According to the human vessel image acquisition procedure described in Sect. 2, the catheter scans the vessel with continuous angles to form a vessel OCT image. That is the tissue imaging presents continuity in the circumferential dimension and the contrast among different tissues is obvious. Thus, we build a multi-layer model which divide the analyzable area near the inner lumen boundary into several layers with different depths for the tissue classification investigation. Based on the definition of local multi-layer shown in Fig. 4 , an A-line sub-region (ASLR) is developed to extract the regionally statistical features of multi adjacent A-lines.
Comparing with the 1-D information of single A-line, an ASLR with 2-D dimension contains more local region information than the former, such as tissue texture and homogeneous characteristic, etc. In this paper, the number of the multi-layer model, M, is set to 3. An individual ASLR of each layer is remarked with a superscript for distinguishing and the ASLR in each layer is denoted as ALS R 1 , ALS R 2 and ALS R 3 respectively, which is shown in Fig. 4 . The size of the three mentioned ALSRs corresponding to the three layers is [l h × l 1 w ], [l h × l 2 w ] and [l h × l 3 w ] respectively. A joint region consisting of ALS R 1 , ALS R 2 and ALS R 3 is presented as ALS R 123 ([l h × (l 1 w + l 2 w + l 3 w )]).
Feature Extraction
The following characteristic descriptors are applied to extract features from an ALSR of each layer of PLBR. We move the ALSR with a specific stride in the circumferential dimension for the feature extraction of the local multilayers. Let ALS R m i denotes the ith ALSR of the mth layer.
Kullback-Leibler Divergence
Formally, the Kullback-Leibler divergence (KL divergence) measures the difference of probability distribution between A and B. Here, we use the histogram of an ALSR to denote its intensity probability distribution. The similarity of two regions is calculated with the symmetric form of the KL divergence presented as follows:
where D KL (P A , P B ) = P A log(P A /P B ), P A and P B both are the discrete probability distributions A and B. Therefore, KL divergences are calculated among the three ALSRs (AS LR 1 i , AS LR 2 i and AS LR 3 i ) which have the same polar angle along the radial direction. Three KL values [D 12 s , D 13 s , D 23 s ] are gained through pairwise calculation.
Radial Direction Intensity Difference
The intensities among ALSRs corresponding to regions of vessel lesions tissues show obvious intensity difference in the radial dimension. This measure expresses the sum of intensity difference of ALSRs in the same polar angle direction. It is defined as:
where e mp 
Accumulated Circumference Difference
At the same layer, ALSRs with same tissue class have similar texture while the texture characteristics between different tissues exist obvious contrast. To express this statistical character, an accumulated intensity difference of ALS R m i in the mth layer is designed:
where μ m i and μ m i, j are the average intensity of the ALS R m i and ALS R m i, j respectively. ALS R m i, j is a joint region composing of ALS R m i and ALS R m j . σ m i, j is the standard deviation of ALS R m i, j . K is the number of ALSRs of a single layer.
Depth of Region of Interest (ROI)
The ROI defined in an IVOCT image should contain almost all useful information of the vessel tissues. By applying Chan-Vese-level-set method [31] , an energy dividing line is obtained as the outer boundary of the ROI. Corresponding to the number of the ALSRs of a single layer, ROI is split into K parts, computing the average distance between the points of lumen boundary and the corresponding points on the outer boundary for each part as the distance feature of the ROI. The set of distance D is defined:
where d k is the average distance of kth part of the ROI.
Gray Level Co-Occurrence Matrix
Gray level co-occurrence matrix (GLCM) [32] calculates how often a pixel with the gray value i occurs in a specific spatial relationship (based on the angle θ and distance d) to a pixel with the value j. For an individual ALSR unit, statistical measures of GLCM could be calculated as the features of ALSR. The properties are computed as follows:
where C i, j is the co-occurrence matrix. Based on the distance d = 3 and angle θ = [0, 90, 180, 270 deg] of GLCM, 16 texture features for each ALS R m i are computed. Overall, totally 58 features are calculated and utilized to describe the texture, intensity contrast and homogeneous information of a joint region ALS R 123 .
Experiments and Results
Parameter Setting
In Sect. 3.1, T H MADI was set to 1.0, radius coefficient λ = 0.25±0.125, γ = 20. B center is a symmetry region of 12 × 12 size as the location transforming region of the circle center coordinate of the circumference detector. For the guide wire 
Validation
The proposed catheter removing, GW shadow region segmentation and tissue classification method were tested on 7 human IVOCT datasets (total 490 IVOCT images). We retrospectively investigated OCT datasets obtained from 7 coronary arteries in 7 patients with stable coronary artery disease. Each dataset contains several tissue types for our local multi-layer model testing. The ground truth of catheter areas, the center angles of GW shadow region and tissue categories were all measured and labelled by an expert observer. Mean absolute difference of area (MAD area ) and center angle (MAD angle ) are used to validate the difference between the manual and automated methods on the catheter segmentation and GW center angle respectively:
where A n manual and A n auto are the area results through the manual and automatic segmentation methods. CA n manual and CA n auto are the GW shadow center angles derived by manual work and our algorithm respectively. N is the amount of the data sample.
The vessel datasets containing 490 images were processed to generate 14399 samples based on our local multilayer model and ASLR definition. In this paper, a complete sample in our tissue classification method was the combined region consisting of ALS R 1 , ALS R 2 and ALS R 3 . We used 5 numbers (0, 1, 2, 3 and 4) to denote 5 classification categories with respect to the healthy vessel wall, lipid plaque, fibrous plaque, calcified plaque and other non-tissue objects (residual GW region or small bifurcation region). Each sample was labelled as one of the 5 categories to indicate the tissue type of current ALS R 123 in PLBR. To assess the generalization of our method, the dataset was split into 2 parts: training set (77%) and testing set (33%).
According to the literatures [13] , [22] , we chose Random Forests (RF) as the tissue estimator to accomplish the tissue classification task. We tested the number of trees of RF from 30 to 100 and finally set the number trees of RF as 100 for a higher accuracy score (1-2% improvement). To evaluate the efficient of the classifier, a cross validation strategy of machine learning, KFold, was implemented to the training data with setting the number of KFold as 10 (5-20 was tested). Classification accuracy was calculated by comparing the prediction results with the expert manual analysis. Here, we used the following formulas, statistically analyzing the relation of TP (true positives), TN (true negatives), FP (false positives) and FN (false negatives), to illustrate the accuracy and efficient of our method. Recall, true positive rate, is a assessment of the percentage of correct results in all true results. Precision indicates the percentage of correct results in predict results. ACC denotes the overall accuracy of the detecting objects.
Recall = T P T P + FN
Precision = T P T P + FP(14)ACC = T P + T N T P + FP + FN + T N(15)
Results
Comparing the manual measurements determined by the expert with automatically derived catheter areas and GW angles respectively, the linear regression method was applied to measure the correlation of manual results and automated results. Figure 5 shows the agreement between automated and manual results of catheter segmentation and GW angle detection, respectively. The correlation coefficients in both correlation plots presented well, r 2 = 0.99. Bland-Altman graphics with respect to the 7 datasets for Table 3 Evaluation metrics for the vessel tissue classification. the detection of the catheter area and the center angle of the GW shadow are stored in a web page (www.wakayamau.ac.jp/˜wuhy/Ren TC 2018.pdf). Table 2 shows the mean absolution difference evaluation metrics for the catheter area and the angle of GW shadow region obtained by our methods. Five examples of catheter detection are presented in Fig. 6 . Observing the left plot of Fig. 5 where the catheter areas of the 7 date sets present different scales, the catheter imaging size is different for various data sets. The similar situation occurs in the center angle detection of GW shadow. Figure 7 shows the detection results of the GW shadow location. By using our algorithm, the guide wire and its shadow region could be detected in many cases. Table 3 presents the results of the classification statistic for 7 datasets measured through recall, precision and accuracy metrics. The tissue classification results are illustrated in Fig. 8 , four colors (darkturquoise, yellow, green and white) are used to code the corresponding tissue type for presenting the tissue occurring range in the circumference dimension.
Dataset
Validation Metrics
Recall (%) Precision (%) ACC. (%)
H 1 L 1 F 1 C 1 N 1 H L F C N H L F C N set
Discussion
In this paper, a fully automatic catheter segmentation, GW shadow location and feasible plaque characterization model are presented. These methods could be considered as a medical-aid tool to assist the CAD doctor treatment.
Catheter impacts the post-processing steps using the morphology operations to detect the vessel lumen boundary [10] or extracting features of the stent strut along the Aline direction in the stent quantitative analysis. From Fig. 6 , we see that our method could depict the concentric circular shape of the catheter area with different size very well, even in the case of the catheter with the position adjoining the lumen border. In order to accelerate the detection speed, we define a local region B center for the circle detector to convert its center coordinate, which it costs 0.7 ± 0.1sec. for each IVOCT image.
Although our method does an outperform job on the catheter area detection, in Fig. 9 , a small residual part between the detected region and the true catheter area marked with the white circle ring could not be recognized correctly. Observing from the IVOCT data, the inner structure of the human vessel is complicated, diverse and irregular. In addition, the catheter both adjoins to the guide-wire and the vessel lumen boundary closelys.
Guide wire also causes an effect to the lumen boundary detection and stent detection. The previous literatures [15] , [16] detected the GW in the synthesize en face projection view image. But this method must compress all OCT images firstly to an accumulated intensity image. Our GW shadow region detection method could be applied to a single OCT image. With the regression methods of machine learning, the location or the angle of the GW and its shadow region of the unprocessed OCT images containing a complicated inner structure can be predicted.
One of the error examples is shown in Fig. 9 (b) , obviously, the angle value of the sector with cyan color is bigger than the real value illustrated with a white sector line. According to the light scattering effect, the guide wire shadow region in the IVOCT image is not a completely black area, and the dividing line between the guide wire shadow and the vessel tissue presents blurred imaging. Employing the Otsu method might produce a bigger or a smaller angle than the true value.
Local multi-layer model defined in our method is applied to investigate the tissue characteristics of the superficial layer region (in our paper, depth = 554 μm) of the inner vessel wall, namely, PLBR. We chose the layer number as 3 by according the light attenuation shown in Table 1 and intensity variance in A-line profile. Furthermore, to gain more tissue information and compare the characteristics difference of various tissues in the radial dimension, 3 dissimilar depth for the 3 layers were determined. ALSR was employed to extract the 2-D region features with a specific size instead of a single A-line method. We used the ALSR as a unit to extract features from the PLBR in radial and circumferential dimension for the tissue classification of the superficial layer region. Along the circumferential direction, we obtained a distribution range of a certain type of one tissue. To our knowledge, this is the first time to define the local multi-layer for quantitative analysis of the human vessel lesion tissue classification. Comparing with Ughi's [13] method based on the single A-line feature research, our method improves the accuracy on the lipid and calcified classification, which is shown in Table 4 . Athanasiou et al. [22] implemented the lesion tissue classification within the pixel-level and their method presented a precision of 70% with the depth of 0.625 mm, while the mean precision of our method in the 3-layer model was 83.45%. Despite our model achieves a better result, the limitations still remain. Validation shown in Table 3 presents a low score results for the recall metric of lipid plaque (in set 0, 1, 2, 6) and fibrous plaque (in set 1, 4) .
Some examples of tissue misclassification are illustrated in Fig. 10 , and the confusion matrix about the classification results from one data set, which is shown in Fig. 11 , demonstrates the possible error classification. The factors causing the misclassification of the lesion tissue as follows: (1) Helicoidal image data acquisition and the pullback imaging form sometimes generate a set of blur IVOCT image frames. (2) Another factor affecting the classification results is the lipid plaque contains a diffuse border. As discussed in the literature [20] , the true boundary of the fibrous plaque is not always clear and presented obviously. (3) Additionally, the location of GW in the human vessel, the noise generated by PSF (point spread function), the OCT images Fig. 11 A confusion matrix for the data set, which the classification results were obtained with our local multi-layer model. with blurring and low resolution are also the reasons for the error classification.
In our classification strategy, the principal component of a region will be considered as the basis for categorization labelling, e.g., the lipid region containing a thin fibrous cap was still determined as a lipid type. In this paper, we did not discuss the mixed tissue case.
Conclusion
We proposed a local multi-layer model for the tissue characteristic analysis and extraction. The method was divided into catheter and guide wire region removing, lumen boundary detection, feature extraction with ALSR and tissue classification. Two novel automatic catheter and guide wire segmentation methods were presented to address the existing difficulties. The validation result shows that our method could be an automatic assist tool for doctors by giving out pre-classification results in the vessel lesion analysis.
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